Mass production of moss plant has been expected because of huge demand of roof top greening of factory buildings. A biotechnology for proliferation of sunagoke moss has been developed. It will be produced from plant factory. A bio-response feedback control strategy known as Speaking Plant Approach (SPA) was applied to the automated moss plant production system. Moisture content, water potential and leaf area index were measured and used for an Artificial Neural Network (ANN) model output. Three textural analysis features (Energy, Local homogeneity, Contrast) were obtained for input parameters of the model. The results of the experiment using ANN model show that it is possible to predict the moss water status parameters by using textural features. It was shown that through appropriate selection of the architecture of the network, all parameters of moss water status can be predicted. By using back-propagation supervised learning and inspection data method, ANN prediction model was tested successfully describing the relationship between textural features and water status parameters. It also produced high correlation between measured and predicted value (R2 ranged from 0.90 to 0.98) and minimum absolute error using inspection data. This indicates that SPA will become an attractive strategy for control system for moss production factory.
INTRODUCTION
The open agricultural field is a typical example of large scale complex system that has been attracting a lot of attention from researchers and scientists in various scientific and engineering fields. Now Precision Agriculture (PA) is becoming a promising practice to handle such a complex system with significant support from both agricultural and industrial sectors. Although the plant factory is a large scale complex system, it is much less complex than the open field system. There are quite a few plant factories operating commercially in Japan. PA is nothing but integrated technology, designed to optimize the cultivation process. The fully controlled environment of a plant factory can be considered as an ideal cultivation system in terms of alternative agriculture. Since the environmental factors in a fully controlled plant factory are observable and controllable; a plant factory can be optimized more easily than an open field. Micro-precision Agriculture for a fully controlled plant factory is proposed in this paper. Micro-precision Agriculture (MPA) can be attained by using plant factories to achieve an alternative agriculture (Murase, 2000) .
TECHNOLOGY FOR MICRO-PRECISION AGRICULTURE
Plant factory More than 50 years ago, a remarkably positive effect of temperature optimization on tomato growth was revealed by a laboratory test using a phytotron. In 1970, a plant growth system consisting of systematically integrated growth chambers was used to demonstrate that plant growth can be significantly improved by applying optimum growth conditions in terms of environmental factors such as temperature, humidity, light intensity, CO2 gas concentration. Those scientific achievements have motivated the early stage of development of closed plant growing system with controlled artificial environment. The research and development were extended to the higher stage of development of plant factory that involves technologies such as process control for the plant growth environment, mechanization for material handling, system control for production and computer applications. The advantages of a plant factory include production stabilization, higher production efficiency, and better quality management of products through a shortened growing period , better conditions, lower labor requirements, and easier application of industrial concepts.
A precise definition of a plant factory has yet to be established. A closed fully controlled plant growing factory is much more advantageous in terms of minimizing all sorts of waste. The limit and optimum design concept should be applied in order to establish economic feasibility in fully controlled plant growing factories. To achieve this objective micro-precision technologies must be developed. Micro-precision does not mean higher order of engineering precision. Micro-precision in agriculture is the technological means to identify what is needed and how much is needed as precisely as possible and to perform the job to fulfill the identified quantitative and qualitative needs as precisely as possible . The micro-precision technologies should be involved in sensing, modeling, control, information and mechatronics for plant production. Basic technologies for the micro-precision are already available; they are SPA (Speaking Plant Approach to environmental control), AI (Artificial Intelligence: expert system, Artificial Neural Network (ANN), genetic algorithm, photosynthetic algorithm etc.), bioinstrumentation, noninvasive measurement, biomechatronics, and biorobotics (Hashimoto and Nonami , 1992) .
Speaking plant approach (SPA) In a protected plant production system such as a plant factory, the control applications have been limited to environmental controls. The feedback control technology for greenhouse environmental factors such as temperature, humidity, radiation intensity, carbon dioxide concentration and so forth was developed and successfully implemented. Using that technology, plant growth can be optimized or controlled by adjusting environmental factors. Plants normally respond to changes in environmental parameters. For example, stomata activity is sensitive to ambient humidity and CO2 concentration. Plant tissue rigidity is affected by the availability of water in the root zone. Environmental factors should be controlled based upon the response of plants to them . The development of bio-response feedback control system was a challenging task for plant production Environ.
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engineers and scientists. Bio-response feedback control concept known as speaking plant approach to environment control was highlighted by Hashimoto et al. (1985) . The machine vision system monitoring of plants growth consists of the scene, vision hardware, calibration processor, image feature extraction processor, growth index evaluation processor and finally the control system. The image of a plant canopy or a community of plants is captured by the vision system and calibrated. The raw data of the calibrated image is fed into the image feature extraction processor. The output from the image feature extraction processor is then directed to the growth index processor. Because of the large number of parameters involved in evaluating the plant growth, an ANN should be used. The current growth indices of plants are compared with the reference input (set value) of growth indices. Then, deviation from normal appearance is calculated.
Image features The problem concerning image features in this particular machine vision system is to identify or classify any pictorial image variation due to vegetative growth or growth disorder caused by disease or stress of a whole community of plants rather than a single body of plant growing in the phytotron. As a result, the image recognition (segmentation) should employ non-contextural approach as opposed to contextural approach such as edge-based approaches. Textural segmentation Vol. 44, No. 3 (2006) ( 53) 201 was applied. Although a strict definition of texture does not exist , the notion of image texture is familiar to most viewers. Texture typically refers to the perceived gray level variations in an image sub-region. One of the most typical textural approaches is the probabilistic approach using cooccurrence matrices (Zucker and Terzopoulos, 1981) known as the textural analysis.
Textural analysis Statistical models for gray tone variation play an important role in the process of image segmentation. Region segmentation may be performed on the basis of regional stochastic properties and images may be partitioned into regions that are statistically homogeneous . The co-occurrence matrix (gray tone spatial dependence matrix) is a second order image variation . It can provide a basis for a number of textural features. The textural analysis can be considered as one of applicable techniques for extracting texture features of image (Murase et al ., 1994; Haralick et al., 1973) A CASE STUDY Plant factory production of Sunagoke Moss Recently, much attention is being paid to the use of moss as a greening plant for building surfaces. The roof top greening helps reduce the air pollution caused by emitted CO2 and prevents the environmental deterioration resulting from heat island phenomenon. Thus, Murase (2004) has highlighted an active greening technology using moss. Among all kinds of moss , cultured sunagoke moss Rhacomitrium canescens is the most suitable for the greening of building surfaces . This is because it does not require any substrate such as soil for propagation , nor does it add a considerable weight burden to the building structure. In addition, it can survive under very dry conditions. Moreover, it is almost maintenance-free (Uemura et al., 2003) . In order to support this technology, Murase (2004) has built a new technology which grows cultured moss in one to two months in plant factory compared to three years in natural growth.
SPA for automated Sunagoke Moss production Changes in water status drastically affect the growth and metabolism of moss plants . In order to establish automated moss production system, SPA has been adapted for environmental control system of moss production. Visual appearance, moisture content, leaf area index and leaf water potential were determined as water status parameters in monitoring the moss growth. Visual appearance is important aspect in monitoring water status. Moisture content was measured on dry basis (d.b.). The leaf area index is a key parameter for studying many physiological processes associated with urban and rural trees. Leaf area index was measured based on weight and also component of specific leaf area and ground area generated in previous research (Ushada and Murase , 2006) . The leaf water potential can be pertinent index for describing the water status of a plant (Murase et al ., 1997) . Leaf water potential was measured using a Wescor HR-33T dew point microvolt meter in conjunction with a C52 chamber. Those biological data were used for ANN model output .
Images of growing moss were collected to obtain changes in textural features (Energy Local homogeneity, Contrast) of moss canopy with time in growth. Those textural data were used for ANN model input.
ANN model development Based on (Figs. la and ib), energy and LH features showed were almost the same pattern during the days of monitoring, while the contrast feature (Fig. lc) showed the opposite . Comparison between textural features and visual appearances showed that there are 4 interesting points on day 1, 3, 5 and 8 (Ushada et al., 2006) .
In order to clarify the four interesting points, visual appearance of those points was observed (Fig. 2) . It showed that there were differences among them. Because there are no obvious image differences between day 1 and day 3, the binary image with adjusted threshold was used . The binary images showed the number of water nodes in day 3 were less that day 1 . This proves that
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202 (54) ST. JOHN'S WORT PRODUCTION UNDER A CONTROLLED ENVIRONMENT Fig. 1 Textural feature patterns subjected to drying condition.
visual appearance has same pattern with texture analysis result. In first day of watering, the water particle is considered grouping on the top area of canopy. In day 3, it reflects the absorption of water in to moss canopy. In day 5, it starts to show the obvious difference from day 1 and 3. Finally, in day 8, it shows the change size of canopy (Ushada et al., 2006) . The other water status parameters such as moisture content, leaf area index and leaf water potential showed the same pattern with visual appearances based on (Figs. 3, 4 and 5) . The fluctuation of leaf water potential value during day 9 and 10 is due to instability of air flow distribution in growth chamber. This hypothesis is supported by return of value starting by day 11. This proves that those parameters have same pattern with texture analysis result and also visual appearances.
Based on comparison among texture analysis, visual appearance, moisture content, leaf area index and leaf water potential, four critical control points have been classified as initial point which occurred in first day of watering, wet point in day 3, semi-dry in day 5 which is the transition point between dry and wet and finally dry point in day 8 (Ushada et al., 2006) .
After observing and analysing critical control point in moss water status during 17 days of monitoring, the data is recapitulated in 187 set data patterns for ANN model. The 136 set data were used in training ANN prediction model, while the remaining was used in inspection data. indicates an example of the training data for ANN model. ANN model was trained using those training data.
The training converged after approximately 10,000 iterations and root mean square error value was 8 X 10
Comparison of training and inspection data in ANN prediction was made in (Figs . Table 2 . It shows high correlation between predicted and measured value. In addition, the absolute error between inspection data and estimated data was evaluated as The results of the experiment using ANN model show that it is possible to predict the moss water status parameters by using textural features. It was shown that through appropriate selection of architecture of the network, all parameters of moss water status can be predicted. By using back-propagation supervised learning and inspection data method, ANN prediction model was tested and successfully described the relationship between textural features and water status parameters. It also produced high correlation between measured and predicted value (R2=0.90-0.98) and minimum absolute error using inspection data. This indicates that SPA will become an attractive strategy for control system for moss production factory.
On other side, micro-precision information from plants such as textural image is essential for Vol. 44, No. 3 (2006) (57) 205 
